This paper proposes a two-stage scheduling strategy for large-scale electric vehicles to reduce the adverse impact of the uncontrolled charging of the electric vehicles on the grid. Based on the statistical data of private car travel, the uncontrolled charging demand of individual electric vehicles and their aggregation are simulated. In the first stage, the electric vehicles and thermal power units are jointly scheduled. To minimize the total cost and standard deviation of the total load curve, the charging and discharging load guiding curve of the electric vehicles and the optimal output plans of the thermal power units in each period of the scheduled day are formulated. In the second stage, the electric vehicle load management and control centre formulates specific charging and discharging plans for the users through rolling optimization to follow the guiding load curve. The cost of vehicle discharge compensation is considered to improve the willingness of users to participate in scheduling and the user satisfaction. To avoid the ''dimension disaster'' caused by the centralized dispatching of large numbers of electric vehicles, the K-means clustering algorithm is used to divide the vehicles into different groups. Next, each group is scheduled as a unit, and the model is solved by using the particle swarm optimization algorithm. By comparing the optimization results of different scenarios, the feasibility and effectiveness of the proposed strategy are verified.
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Initial state of charge of the EV T i,need Minimum charging time for ith EV to reach full power (h) T i,a Access time of electric vehicle i T i,d Departure time of electric vehicle i T i Schedulable period of electric vehicle i C n Battery capacity (kWh) η
Charging and discharging efficiency P c Charge power of the electric vehicle (kW) P d
Discharge power of the electric vehicle (kW) P ev,t Total uncontrolled charging load of electric vehicles at time t (kW) P ei,t Charging power of the ith electric vehicles at time t (kW) ξ 100 Electricity consumed per 100 km (kWh/100km)
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S Endurance mileage of the EV (km) T v
Charging valley-filling period T p Discharging peak-shaving period F 1 Total cost (USD) F G Power generation cost of thermal power units (USD) F V Compensation cost for the owners participating in the V2G mode (USD) N G Number of units T Number of periods of day-ahead scheduling P Gk,t Output power of kth unit at time t (MW) P Gk,max Maximum output limit of kth unit (MW) P Gk,min Minimum output limit of kth unit (MW) R uk Ramp up rate of unit k (MW/h) R dk Ramp down rate of unit k (MW/h) f P Gk,t Fuel cost of kth unit at time t (USD) E P Gk,t Consumption cost caused by valve-point effect at time t of kth unit (USD) u Gk,t Status of kth unit at time t (1/0 for on/off) SU Gk Start-up cost of kth unit (USD) VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ SD Gk Shut-down cost of kth unit (USD) SU Gk,h Hot start-up cost of kth unit (USD) SU Gk,c Cold start-up cost of kth unit (USD) T on
Gk,t
Duration of continuously on of unit k at time t (h) T off
Duration of continuously off of unit k at time t (h) T on
Gk,min
Minimum on time of unit k (h) T off
Minimum down time of unit k (h) T Gk,cs Cold start hour of kth unit (h) F V , 1 Maximum discharge capacity compensation cost (USD) F V , 2 Discharge power compensation cost (USD) C a Maximum discharge capacity (MWh) k 1 Capacity compensation cost coefficient (USD/MWh) k 2 Discharge compensation coefficient (USD/MW 2 ) P t
Predicted base load at time t (MW) P av Average value of predicted base load during the entire schedule cycle (MW) R t System reserve requirement at time t (MW) P i,t
Charging power of group i EVs participating in intelligent charging scheduling in the first stage at time t (MW) P j,t Charging and discharging power of group j EVs participating in V2G scheduling in the first stage at time t (MW) P l,t Transmission power of transmission line l at time t (MW) P fl,max Maximum forward transmission power of transmission line l (MW) P rl,max Maximum reverse transmission power of transmission line l (MW) SOC i,max Maximum state of charge of the ith EV SOC i,min Minimum state of charge of the ith EV T x Time window length of the optimization (h) P p,t
Charging and discharging task of EVs in the t-th period formulated in the first stage (MW)
I. INTRODUCTION
Promoting the use of electric vehicles (EVs) is one of the important approaches to realize the replacement of electric energy. This approach is conducive to the revolution of energy consumption and reducing the environmental pollution. However, the uncontrolled charging behaviour of a large number of electric vehicles may increase the peak-valley difference in the load, reduce the power quality, reduce the economy of operation of the power networks, and even threaten the safe and stable operation of the power system [1] - [3] . The batteries of electric vehicles can respond rapidly to signals [4] , and most private electric vehicles are in an idle state involving no driving for the majority of a day. The battery of an electric vehicle performs the function of energy storage.
If the charging and discharging behaviour of the electric vehicles is regulated and controlled, the electric vehicles can participate in the demand response as active loads. This aspect can not only avoid the sudden increase in the load caused by the uncontrolled charging of large-scale vehicles but also achieve the purpose of ''peak-shaving and valley-filling'' [5] . Considerable research has been performed on the scheduling strategy of electric vehicles. Reference [6] established the orderly charging model of an EV power station to minimize the sum of squared deviations of the load curve and obtained a solution of the model. The model proposed in [7] took the number of input rechargeable batteries in each period as the control variable and solved the model by using the improved cuckoo search algorithm to minimize the sum of squared deviations of the load curve. Reference [8] proposed that an electric vehicle power station provides users with incomplete fully charged batteries during the peak period of battery replacement and offers the users a discount according to the battery power to reduce the customer churn and improve the income of the power stations. Although the electric vehicle switching mode can promptly supply electric energy for vehicles, the specifications of the electric vehicle batteries must be unified, which is costly to achieve. In addition, every development in the battery technology may lead to the elimination of the established EV power stations. Therefore, the electric vehicle switching mode has not been widely implemented. In the context of the plug-in mode of electric vehicles, [9] - [12] respectively established different distributed scheduling models for the electric vehicles. Reference [9] treated the EV charging behaviour as a meanfield game (MFG) problem and reduced the charging cost by controlling the charging rate of the electric vehicle. Reference [10] illustrated the formation mechanism of the virtual price based on the MFG theory and proposed a method of information interaction between the grid side and user side, which helped realize the distributed optimization management of EV charging. In the distributed scheduling mode, owners can charge and discharge their EVs flexibly and conveniently. However, the randomness of each vehicle is extremely large, and the lack of unified management and scheduling makes it difficult to achieve overall optimization. Moreover, this scheduling mode generally requires each of the participating electric vehicles to install a highly sensitive communication device and an intelligent device for controlling the charging and discharging of the electric vehicle, which undoubtedly increases the costs and reduces the user engagement. In the centralized scheduling mode, the electric vehicle can be optimally scheduled through multilevel and multi-region scheduling [13] . However, according to [14] , under the multi-objective scheduling scheme, the optimization time reaches 44 s each time when the number of EVs is 50. It can be seen that when the total number of electric vehicles in each region is large, the problem of ''dimension disaster'' may still occur, and the optimal solution cannot be obtained. Moreover, the drive situation of a single electric vehicle involves considerable uncertainty and randomness. If each vehicle is considered as a variable for scheduling, the obtained scheduling plan may not be implemented smoothly. In this regard, the electric vehicles can be divided into different groups and later scheduled based on the group [15] . In [16] , delayed charging and discharging schemes were formulated for each group to suppress the fluctuation of the active power in a distribution network. Reference [17] established a large-scale electric vehicle cluster optimization scheduling model, which could more effectively overcome the disadvantage of a single vehicle as the scheduling object. Reference [15] - [17] grouped the electric vehicles according to the characteristics of the electric vehicles, which could significantly reduce the number of decision variables and improve the efficiency of the optimization calculation. However, due to the lack of specific incentive measures, the willingness of electric vehicle users to participate in dispatching may not be high.
The scheduling of large-scale electric vehicles changes the distribution of the total load in each period. Before formulating the power output plan of the thermal power units for a scheduled day, it is necessary to know the total load data of each period. Therefore, for large numbers of dispatchable electric vehicles, the corresponding day-ahead dispatching plan must be formulated. Reference [18] - [20] incorporated the electric vehicles into the economic dispatch model; however, the cost of compensation for electric vehicle discharge was not considered in the cost function. Reference [21] , [22] considered the degradation of batteries caused by the discharging process of the electric vehicles; however, the degradation costs of the batteries were set as fixed costs. The setting of such compensation costs is not reasonable and fair, because the compensation for users should be different when their vehicles discharges are different. Therefore, users need to be compensated by using a new compensation method. For the scheduling of electric vehicles, only day-ahead scheduling is not enough. In the strategy that includes only day-ahead scheduling, the smooth implementation of the scheduling task requires users to strictly implement the driving plan submitted previously, which may not be readily accepted by the users [23] .
Based on the above considerations, this paper makes the following contributions to the scheduling of large-scale electric vehicles: 1) Electric vehicles and thermal power units are jointly scheduled, and the scheduling process is divided into two stages. The first stage involves the day-ahead scheduling of the electric vehicles to formulate the EV charging and discharging load guiding curve, which meets the demand of scheduling. Considering the uncertainty of the electric vehicles, in the second stage, the charging and discharging plans suitable for the demands of the users can be re-formulated according to the changes in the individual demands of users, which improves the user satisfaction with the scheduling strategy.
2) The economy of the grid side and the interests of users are considered comprehensively, and the compensation cost for the users participating in the V2G mode is added to the cost function. The compensation cost is related to the maximum dischargeable capacity of the battery, basic load of each period and discharge amount of the electric vehicle in each period. The setting of the compensation cost can improve the willingness of the users to participate in scheduling and stimulate the vehicles to discharge during the peak period to improve the effect of ''peak cutting''.
3) According to the clustering index, the k-means clustering algorithm is used to divide the vehicles into different groups, and the electric vehicles are later scheduled according to the group scheduling. This process can significantly reduce the number of decision variables and save the computing time.
The remaining paper is organized as follows. Section II describes the simulation of the uncontrolled charging load of large-scale electric vehicles and briefly explains the risks of uncontrolled charging. Section III proposes a two-stage group scheduling strategy for large-scale electric vehicles and introduces its realization flow. Section IV provides the mathematical model of the scheduling strategy. Section V verifies the rationality and effectiveness of the proposed strategy through a case study. Finally, Section VI summarizes the research work.
II. ANALYSIS OF UNCONTROLLED CHARGING OF ELECTRIC VEHICLES A. THE STATISTICAL DATA OF DRIVING PRIVATE ELECTRIC VEHICLES
At present, electric vehicles have not been used on a large scale, and only a few statistics pertaining to the driving data of electric vehicles are available. It can be considered that the driving data of the electric vehicles are the same as those of the traditional vehicles [24] . Reference [25] fitted the survey results obtained by the U.S. Department of Transportation in 2009 on the travel statistics of household vehicles in the United States and expressed the first drive time and last return time of the vehicles as a normal distribution function. The annual report issued by the Beijing Transport Institute shows that the drive rush hours of private cars are 7:00-8:00 and 17:00-18:00. According to these findings, the distribution of the two travel instances can be expressed as the following functions:
The probability density function for the first drive time is:
where, µ 1 = 7.5, σ 1 = 3.24.
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The probability density function for the last return time is:
where, µ 2 = 17.5, σ 2 = 3.41. The daily driving mileage distribution of the cars conforms to the lognormal distribution pattern. The probability density function is [26] :
where, µ = 3.37, σ = 0.5.
B. ANALYSIS OF UNCONTROLLED CHARGING OF ELECTRIC VEHICLES
Assume that the owners charge their vehicles at the last return time, and the electric vehicles charge only once a day. The initial state of charge (SOC) at the return time can be obtained using:
where d is the daily driving mileage, km. d m is the maximum mileage when the battery is fully charged, km. Assume that the uncontrolled charging EV starts charging immediately after being connected to the charging pile until the maximum state of charge. The charging time of each vehicle is:
where η is the charging efficiency, assumed to be 0.9 in this case.
The total charging load of the EVs at time t can be obtained by superimposing the charging loads of each electric vehicle at time t:
where, P ev,t is the total uncontrolled charging load of electric vehicles at time t. P ei,t is the charging power of the ith electric vehicle at time t. n is the number of EVs. Taking a certain type of electric vehicles as the research object, the uncontrolled charging load of 10,000 electric vehicles based on the Monte Carlo simulation is shown in Fig. 1 . The relevant parameters of the vehicles are listed in Table 1 . where, ξ 100 is electricity consumed per 100 km. S is endurance mileage of the EV. Fig. 1 shows that without any management measures, the uncontrolled charging load of the electric vehicles is concentrated in the time range of 18:00-23:00, and the maximum charging load can reach 10.57 MW in one time period. This time overlaps with the evening peak hours of the electrical load in most regions, resulting in the phenomenon of ''peaking on the peak'', which may force some regions to invest in new thermal power units. This addition not only increases the cost of investment but also reduces the utilization rate of the equipment to some extent. A greater fluctuation of the load curve corresponds to a larger network loss [27] , [28] . Therefore, the grid dispatching centre should guide the orderly charging of the electric vehicles according to a reasonable scheduling strategy.
III. SCHEDULING CONTROL STRATEGY OF ELECTRIC VEHICLES AND ITS REALIZATION FLOW A. ELECTRIC VEHICLE SCHEDULING CONTROL STRATEGY
The charging load of the EVs can be regarded as a timeshifting load. The reasonable arrangement of the charging time and power can play an auxiliary role in the peak shaving. Most people choose to charge their electric vehicles after work every day. If the dispatching centre adopts a simple delayed charging scheme, a new load peak may be generated. In addition, most electric vehicles remain idle at night longer than the required charging time. If the charging is started excessively early, the charging ends correspondingly earlier. Therefore, the effect of ''valley filling'' at night is limited.
The scheduling strategy proposed in [29] belongs to a delayed charging strategy. According to the simulation results in [29] , even when the proposed scheduling strategy is employed, a new load peak may appear. A larger number of electric vehicles corresponds to a larger new load peak. Therefore, in the case of a large number of electric vehicles, the delayed charging scheme is no longer applicable.
1) INTELLIGENT CHARGING SCHEDULING AND INTELLIGENT V2G SCHEDULING
V2G (vehicle-to-grid) involves the process of discharging. Considering factors such as the vehicle differences, driving demands and users' personal wishes, this paper sets two scheduling modes: intelligent charging mode and intelligent V2G mode.
Consider 24 h as a scheduling cycle and divide it into 24 periods on average. Assume that the access time of the electric vehicle i is T i,a ; the departure time is T i,d ; and the schedulable period is represented by T i . T i is defined as a set of consecutive intervals between the arrival time T i,a and departure time T i,d , as shown in Fig. 2 . If the minimum required charging time T i,need of the electric vehicle is greater than T i , it is considered that the owner's power demand cannot be satisfied, that is, the scheduling requirement is not satisfied.
To protect the interests of the users and facilitate the information statistics of the dispatch centre, the dispatching centre should enter into contracts with the users who participate in the dispatching work. The electric vehicle users participating in the dispatch must submit the drive plan and charging demand one day before the scheduled day. The EV load management control centre judges whether the vehicles meet the scheduling requirement based on the information submitted by the users. If the scheduling requirement is not met, the user will be prompted immediately. The user can choose to change the submitted information (such as the expected departure time or expected power) to meet the scheduling requirement or not participate in the scheduling. The EVs meeting the scheduling requirement are grouped, and the group information is later submitted to the power grid dispatching centre. According to the basic load and the information of the vehicle groups, the dispatching centre formulates the thermal power unit output plans for the scheduled day and the charging and discharging load guiding curve of the EVs in different periods. The load guiding curve is sent to the EV load management and control centre. On the scheduled day, the owners need to input the information needed for scheduling again when their electric vehicles are connected to the charging piles. According to the new information submitted by the owners, the vehicles are regrouped. At the beginning of each period, the EV load management and control centre formulates the charging and discharging plans for each group of electric vehicles connected with the charging piles to complete the remaining scheduling task. After the plans are confirmed, the control centre controls the status of the charging piles to control each electric vehicle to perform the charging and discharging plans of its designated group.
The two-stage scheduling strategy allows the users to submit inconsistent information in two stages. Because the driving situation of a large number of electric vehicles will exhibit a certain regularity, such as in terms of the total number of vehicles entering and leaving in each period and the amount of electricity that can be charged and discharged in each period. This phenomenon means that even if the users change their driving plans, the total amount of electricity that the large-scale electric vehicles can charge and discharge during each time period will not change considerably. Therefore, the charging and discharging load guiding curve can be followed. By dividing the vehicles with similar driving plans and charging demands into the same group for the unified optimal scheduling, the difficulty of optimal scheduling, caused by the difference in the arrival and departure times of different vehicles, can be minimized.
The frequent switching of the charging and discharging status of the batteries can accelerate the battery degradation. To reduce the battery degradation and achieve the purpose of ''peak-shaving and valley-filling'' better, this paper divides the peak-shaving period of the V2G electric vehicles into the charging valley-filling period T v and discharging peak-shaving period T p . The electric vehicles participating in the V2G dispatching can only be charged during the valley-filling period and discharged during the peakshaving period. For intelligent charging of the EVs, fewer restrictions exist, and these vehicles can be recharged at any time.
As a means of transportation, the electric vehicles should meet the normal use needs of users first when dispatching. In the scheduling of the electric vehicles, not only the harmful effects of a low battery power on the battery life but also the situation in which an owner needs to use his/her car when he/she goes out temporarily should be considered. When setting the battery capacity constraints, this paper increases the standby power to deal with emergencies on the basis of the basic minimum power limit. Because of the different probabilities of using the cars during daytime and nighttime, the scheduling cycle is divided into the daytime peak load regulation period T 1 and nighttime peak load regulation period T 2 . The minimum SOC during the periods of T 1 and T 2 are set to 50% and 30% of the battery capacity, respectively. The different settings of the minimum SOC of the electric vehicle battery in T 1 and T 2 lead to the stepped discharge of the electric vehicle. According to the daily mileage statistics, 30-50% of the battery power is larger than the power consumed by the vast majority of the users driving 1.5 times the daily mileage. This finding means that the users do not have to worry about the lack of electricity to cope with the temporary use of cars during T 1 . Similarly, the probability of driving at night is low, and the driving distance is relatively short. Setting the minimum charging state to 30% is sufficient to ensure that the user's temporary car demand during T 2 is satisfied. This approach fully considers the actual situation and reduces the users' concern pertaining to the shortage of temporary travel power. At the same time, the step discharge can avoid the excessive discharge during daytime peaking, and thus the battery discharge capacity is insufficient during the nighttime peak load.
2) ELECTRIC VEHICLE GROUPING METHOD BASED ON k-MEANS CLUSTERING
The EVs of the same group should function on the same charging and discharging plan. Therefore, the charging and discharging power of all the vehicles in a group must be the same. In the day-ahead scheduling stage, for intelligent charging vehicles, the vehicles with a similar access time T i,a , departure time T i,d and minimum charging time T i,need are divided into the same group. The V2G vehicles involve a discharge process, and thus the initial state of charge SOC 0 is also one of the grouping standards. In the second stage, the rolling scheduling mode is adopted. At the beginning of each period, the EVs accessed in the previous period are optimized. This aspect means that the starting times for these electric vehicles to participate in the scheduling are the same. Therefore, the access time T i,a is not considered as one of the grouping standards.
For the vehicles participating in the intelligent charging dispatch and V2G vehicles in the T v period, if T i,need > T i , the vehicles are charged immediately. If the V2G vehicles are in periods of T p , they are removed from the V2G groups when their state of charge is less than the minimum state of charge constraint. The V2G vehicles that are connected in T p and leave in T v and do not meet the discharge requirements when connected are grouped in T v so that they can participate in the charging scheduling.
According to the principle of similarity, the k-means clustering algorithm can divide the data objects with a higher similarity into the same cluster, and it can divide the data objects with a higher dissimilarity into different clusters. The k-means clustering algorithm is simple and easy to implement, and the calculation speed is high. Furthermore, the number of clusters can be set artificially. After determining the number of groups, irrespective of the number of electric vehicles, the dimension of the matrix does not increase any further, and the total capacity of the corresponding group can be adjusted. A larger number of electric vehicles corresponds to a more notable regularity of the group. The abovementioned characteristics make this algorithm suitable for the scheduling of large-scale electric vehicles.
3) ROLLING OPTIMIZATION TIME WINDOW DIVISION CRITERIA
In the second stage, the EV load management control centre performs an optimization at each period to formulate the suitable charging and discharging plans for the connected vehicles.
The time window length of the rolling optimization has a direct impact on the optimization effect of the V2G plan for each electric vehicle. At present, most rolling optimization techniques involve a fixed length of the time window. However, a long time window affects the calculation efficiency, and a short time window renders most vehicles unable to realize the optimal charging and discharging plan. Therefore, this paper draws on the varying receding-horizon optimization method reported in [30] to schedule the electric vehicles. Considering the calculation efficiency and optimization results, the window length for each optimization should be longer than the parking time of 95% of the vehicles to be optimized in the current period.
For the EV in the charging period, when the parking time exceeds the window length of the period, to ensure that the power demand is satisfied, the charging station should arrange for the vehicle to charge during that period until the next period and re-judge whether the remaining parking time is completely within the new rolling optimization window. For the vehicle in the discharge period, when the stopping time exceeds the window length of the period, the discharging time in the current period is not arranged temporarily, and the remaining residence time is re-judged to be within the new rolling optimization window in the next period.
B. REALIZATION FLOW OF ELECTRIC VEHICLE SCHEDULE CONTROL STRATEGY
The strategy proposed in this paper can be summarized as in the following steps:
Step 1: The owners of the EVs submit the drive plans, charging demands and dispatch modes for the scheduled day to the electric vehicle load management and control centre.
Step 2: The EV load control centre groups all the electric vehicles according to the submitted information and submits this grouped information to the dispatching centre. The power grid dispatching centre formulates the thermal power units output plans and the charging and discharging load guiding curve of EVs for the scheduled day, based on the basic load and the information of each group. Next, the dispatching centre sends the guiding curve to the EV load management control centre.
Step 3: On the scheduled day, the owners submit their new driving plan and battery power demand when they arrive at the charging station. The control centre regroups the vehicles connected to the charging piles and later formulates the charging and discharging plans for each group to follow the charging and discharging load guiding curve. The control centre controls the switching state of each charging pile to control the EVs to implement the plans. This process needs to be repeated every time period, which corresponds to the rolling optimization.
The flow of the two-stage optimal scheduling strategy is shown in Fig. 3 .
IV. PROBLEM FORMULATION A. THE OBJECTIVE FUNCTION OF DAY-AHEAD SCHEDULING 1) OVERALL ECONOMIC OPTIMIZATION AS THE OBJECTIVE FUNCTION
In this paper, the economic cost of the system consists of two parts: the power generation cost of the thermal power units and the compensation cost for the owners participating in the V2G mode.
where, F 1 is total economic cost. F G is the power generation cost of thermal power units. F V is the compensation cost for the owners participating in the V2G mode. The generation cost expression for generating the units considering the valve point effect and start-up and shut-down costs is as follows:
E P Gk,t = e k sin f k P Gk,t −P Gk,min (10)
where, a k , b k , and c k are fuel cost coefficients of kth unit. E P Gk,t is the consumption cost due to the valve-point effect at time t of kth unit. e k and f k are valve-point coefficients of the kth unit. For the electric vehicles, the V2G needs to transfer the electric energy from the vehicle to the power grid. This process leads to battery degradation and reduces the battery life. Therefore, the power grid dispatching centre needs to provide economic compensation to these owners. In this paper, the V2G compensation cost is divided into two parts. The first part is defined according to the maximum discharge capacity of the battery, and the second part is defined according to the discharge load of the vehicle in each period and the base load of the period. (16) where, F V ,1 is the maximum discharge capacity compensation cost. F V ,2 is the discharge power compensation cost. k 1 is the capacity compensation cost coefficient. C a is the maximum dischargeable capacity of battery. k 2 is the discharge compensation coefficient. P j,t is the charging and discharging power of group j of electric vehicles participating in the V2G dispatching in the first stage at time t, in which the charging is positive, discharging is negative, and a state of no charging or discharging is zero. n 2 is the number of groups of the V2G EVs.
2) THE MINIMUM STANDARD DEVIATION OF THE TOTAL GRID LOAD AS THE OBJECTIVE FUNCTION
where P i,t is the charging power of EVs participating in the intelligent charging scheduling in group i in the first stage. n 1 is the number of groups of the intelligent EVs.
B. THE CONSTRAINTS OF DAY-AHEAD SCHEDULING
The constraints that must be considered are as follows: System power balance
Generation limits
Ramp rate
Minimum up/down time
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Spinning reserve
where, R t is the system reserve requirement at time t, assumed to be 5% of P t here.
Transmission capacity constraints of transmission lines
Constraints about electric vehicles: Limits of the state of charge of battery
where, SOC i,min and SOC i,max are assumed to be 0.2 and 0.9 respectively in this paper. State of charge constraints during scheduling period. The constraint in T p period
The constraint in T v period
State of charge constraint when electric vehicle is driving
where, s is the travel mileage, km. State of charge constraint during charging and discharging
where, t is the length of each time period. x 1 and x 2 represent the charge and discharge state of the electric vehicle at time t, when charging, x 1 = 1, x 2 = 0, and when discharging, x 1 = 0, x 2 = 1.
C. THE OBJECTIVE FUNCTION OF INTRADAY ROLLING OPTIMIZATION
In the second stage, the EV load management and control centre formulates the charge and discharge plans for the electric vehicles according to the load guiding curve. The purpose of this stage is to make the actual charging and discharging load of the vehicles in each period consistent with the load guiding curve. It can be expressed as the minimum mean square deviation between the actual total charging and discharging load of the electric vehicles and the charging and discharging load plan:
where, t star is the starting time of the optimization. T x is the time window length of the optimization. P p,t is the charging and discharging load of the EVs in the t-th period formulated in the first stage. P i,t and P j,t are the actual charging and discharging power of the new group i and group j, respectively. In the second stage, only the electric vehicles are scheduled, and the relevant constraints are the same as those of the first stage of the electric vehicles.
V. CASE STUDIES A. DATES OF CASE STUDIES
This paper takes an area power grid as the study object. The area contains 5 thermal power units and 20,000 private electric vehicles. The parameters of the electric vehicles are listed in Table 1 . The electric vehicles of each scheduling mode are divided into 15 groups. The parameters of the units are listed in Table 2 . The basic load is presented in Table 3 .
In this paper, T p is defined as 8:00-22:00 according to the basic load, and the remaining periods are the valley-filling periods. According to the statistical data of driving, T 1 can be set as 8:00-18:00, and the remaining periods are the night peaking periods T 2 . In this example, according to the statistical data in Section II, two sets of driving data of the electric vehicles are simulated by using the Monte Carlo method. One set of the data is assumed to be the information submitted by the users one day before the scheduled day. The other set of the data is assumed to be the actual driving data of the users. It is assumed that the EV drives once a day in the morning and evening, and the battery is in the maximum state of charge when driving for the first time. The mileage of each drive is half of the daily mileage, and the speed is 16 km/h, which can be used to calculate the time and power consumed for each trip. k 1 is taken as 20 $/MWh. According to the strategy of this paper, the dischargeable range of each V2G electric vehicle is 90% to 30% of the total battery capacity, that is, C a is 60% of the total battery capacity, and the compensation cost F V ,1 can be obtained accordingly.
B. ELECTRIC VEHICLE CHARGING AND DISCHARGING LOAD GUIDING CURVE AND UNIT OUTPUT PLANS
In this paper, the particle swarm optimization algorithm is used to solve the scheduling model established in Section IV. The solution result of the multi-objective function is a solution set, and the decision maker needs to choose a solution from the optimal solution set as the final decision result. This paper selects the final desired result according to the principle that the two objective functions are considered equally important [31] . Fig. 4 shows the Pareto frontier obtained when 20,000 electric vehicles are selected for the V2G mode.
The Pareto frontier provides decision makers with a considerable choice space. Fig. 4 shows that with the decrease in the standard deviation of the total load, the total cost gradually increases, because the electric vehicle discharges during the peak load period generate the compensation cost. To reduce the cost, the discharge behaviour of the electric vehicle is suppressed, and the effect of reducing the load fluctuation is limited. To further analyse the proposed strategies, the following scenarios are set for comparison:
Scenario 1: all 20,000 EVs are uncontrolled charged. Scenario 2: all 20,000 EVs undergo delayed charging. Scenario 3: all 20,000 EVs are intelligently charged. Scenario 4: 10,000 EVs are in the intelligent charging mode, and 10 000 EVs are in the V2G mode.
Scenario 5: all the 20,000 EVs are in the V2G mode. Scenario 2 corresponds to the delayed charging mode reported in [29] . To obtain a better optimization effect, the initial charging time of the delayed charging mode is set as 0:00 am. The results of each scenario are shown in Fig. 5 and Table 4 : The difference between the load of each scenario and the original base load can be clearly seen from Fig. 5 . In the case of uncontrolled charging, the peak value of the load curve after superimposing the charging load of the vehicles is significantly increased, and the peak-to-valley difference is widened. Under the delayed charging strategy, the charging time of the electric vehicle avoids the peak period of the base load. However, when the charging power is large, the charging may be completed prematurely, and the effect of ''valleyfilling'' is not ideal. When all the EVs are in the intelligent charging mode, the electric vehicles can only play the role of ''filling the valley''. At this time, the charging load of the electric vehicles is evenly distributed in low load periods, which not only avoids the phenomenon of the new peak load caused by the concentrated charging at a certain time at night but also achieves the goal of ''valley filling''. The results of scenario 2 and 3 show that the intelligent charging mode has better ''valley-filling'' effect than the delayed charging mode. To reduce the load fluctuation, the V2G electric vehicles release part of the electric energy in the battery during the peak load periods. Since the vehicle battery selected in this paper has a large battery capacity and large cruising range, the discharge capacity is also relatively large. A shorter daily mileage means that the vehicle can discharge more energy. To meet the power demand of the users, the battery should be fully charged during the low load periods. When all the EVs participate in the V2G mode, the amount of electricity discharged during the peak load periods and the amount of electricity charged during the low load periods increase accordingly. Comparing scenarios 3, 4 and 5, it can be seen that the higher the proportion of users participating in the V2G mode, the smaller the fluctuation of the load curve. It shows that the V2G mode can perform best in ''peakshaving and valley-filling''. The dispatching centre should publicize the advantages of the V2G mode for stabilizing load fluctuation and encourage the users to participate in the V2G mode. Table 4 . presents the comparison of several indicators in each scenario:
It can be seen from Table 4 that the uncontrolled charging behaviour of 20,000 EVs increases the load of scenario 1 compared with the original base load, and the peak-tovalley difference and the standard deviation become larger. Furthermore, the operating cost of the thermal power units also increases slightly. In scenario 2, the starting charging time of the delayed charging mode is 0:00 am. The peak value of the load curve does not increase, and the standard deviation of the load curve decreases. However, due to the unsatisfactory effect of ''valley-filling'', the peak-valley difference for the load curve under this strategy does not change considerably. Compared with scenario 1, the charging load of scenario 3 shifts from the peak periods of basic load to the valley periods, and the total charging amount basically remains unchanged; however, the fluctuation of the total load curve decreases, which makes the thermal power units operate more economically. In scenario 4, half of the electric vehicles belong to the V2G mode, and the amount of electricity released during the day is replenished at night. Even if the total charging load is not considerably different from the charging load in scenario 3, the total cost still increases partially due to the existence of compensation costs. Scenario 5 has a larger number of V2G vehicles, and thus the total cost is higher than that in scenario 4. The results of the abovementioned scenarios indicate that the uncontrolled charging behaviour of the electric vehicles increases the peak-to-valley difference of the load curve, and the orderly scheduling and control of the charging behaviour of the electric vehicles can effectively reduce the load fluctuation.
In conclusion, the higher the proportion of users participating in the V2G mode, the better the stabilizing effect on load fluctuation. Meanwhile, the total cost also increase slightly. The dispatching centre can reasonably set the weights of the two objective functions according to the actual situation to obtain the desired scheduling objective. Table 5 presents the output plans of the thermal power units and the charging and discharging plan of the EVs in scenario 4:
C. FOLLOWING THE LOAD GUIDING CURVE
On the scheduled day, the EV load management and control centre can formulate the charging and discharging plans for the EVs connected to the charging piles at each period according to the objective function shown in (30) to minimize the deviation between the total charging and discharging load and the load guiding curve at each period.
The bar chart in Fig. 6 shows the comparison of the load guiding curve with the actual charging and discharging load. It can be seen that the deviation between them is small. The practice of regrouping the vehicles at the initial time of each period allows the owners to input different information than previously submitted. This is because although the trip situation of a single electric vehicle has a large uncertainty, the driving situation and charging demands of a large number of electric vehicles have a stable distribution. Therefore, the load guiding curve formulated during the dayahead scheduling can be followed well in the scheduled day.
VI. CONCLUSION
This paper simulated the uncontrolled charging load of electric vehicles in one day based on the Monte Carlo method. The simulation result shows that the uncontrolled charging load of a large number of EVs increases the peak-to-valley difference of the load curve, which threatens the safe and economic operation of the power grid.
A two-stage scheduling optimization model was established under the system, including the thermal power units, electric vehicles and basic power load. This paper used the grouping model to avoid the ''dimensionality disaster'' problem in the centralized scheduling of a large number of electric vehicles. The actual demands of the users were fully considered to make the scheduling strategy more practical. Through the comparison of different scenarios, the proposed strategy effectively reduces the peak-to-valley difference of the grid load, and a higher proportion of vehicles participating in the V2G leads to a better load fluctuation stabilization effect.
The scheduling model established in this paper is scalable. In the follow-up work, new energy sources such as wind power and other forms of load can be added. These findings can provide a reference for the consumption of clean energy and dispatching projects. 
